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 Bridge structural health monitoring (SHM) based on vibration signals is strongly affected 

by variations in operating conditions, environmental disturbances, and limited labeled data. 

Under such circumstances, data-driven models tend to exploit condition-dependent 

correlations rather than damage-related mechanisms, which leads to unstable performance 

and limited generalization across different operating scenarios. To address this problem, a 

causal-invariant spatio-temporal representation learning (CISRL) framework is developed 

for bridge damage identification and localization. The framework integrates three 

components within a unified architecture: spatio-temporal feature extraction from multi-

sensor vibration signals, graph-based modeling of structural damage propagation along the 

bridge topology, and cross-condition invariance regularization to suppress condition-

specific features. The invariance constraint guides the learning process toward 

representations that remain stable across different operating conditions while preserving 

sensitivity to structural damage. The proposed method is evaluated on the Japanese Old 

ADA bridge dataset and several public multivariate time-series datasets. The results show 

consistent improvements over existing deep learning approaches in both damage 

identification and localization tasks, particularly under cross-condition testing, small-sample 

training, and sensor layout variation. The findings indicate that incorporating causal 

invariance into spatio-temporal and graph-based learning provides a reliable and practical 

approach for robust structural damage identification in complex engineering environments. 
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1. INTRODUCTION 

 

Bridges, as key infrastructure in modern transportation 

systems, play a critical role in the efficiency of transportation 

and public safety. However, during their long-term service, 

bridge structures are inevitably affected by multiple factors 

such as repeated vehicle loads, temperature and humidity 

variations, corrosive environments, and material fatigue aging, 

which can easily lead to structural damage such as crack 

propagation, stiffness degradation, loosening, or even fracture 

of components [1, 2]. These types of damage are often 

characterized by their hidden nature, slow progression, and 

severe consequences. If not identified and accurately located 

in the early stages, they may lead to rapid deterioration of 

structural performance or even catastrophic accidents. 

Therefore, developing high-precision, high-robustness, and 

engineering-applicable bridge SHM methods has always been 

an important research topic in the fields of structural 

engineering and mechanical systems [3]. 

Among various SHM technologies, vibration signal-based 

damage identification methods have received widespread 

attention due to their ability to reflect the overall dynamic 

characteristics of the structure, their applicability to complex 

structural systems, and ease of engineering implementation [4, 

5]. The dynamic response of bridge structures changes in 

terms of frequency distribution, energy transfer paths, and 

time-series evolution patterns between the healthy and 

damaged states, providing a physical basis for damage 

identification based on vibration signals. Traditional research 

mainly relies on signal processing methods such as modal 

parameter changes, frequency domain analysis, wavelet 

transform, and statistical feature extraction, using manually 

designed damage-sensitive indicators to characterize changes 

in the structural state [6-8]. However, these methods typically 

depend on prior experience and specific operating condition 

assumptions, and their feature stability and generalization 

ability are often significantly limited when faced with 

complex, non-stationary, and noisy environments [9]. 

In recent years, with the improvement of computational 

capabilities and the development of sensor technologies, deep 

learning methods have gradually been introduced into the field 

of SHM. End-to-end methods based on convolutional neural 

networks, recurrent neural networks, and transformers are able 

to automatically learn high-level features directly from raw 

vibration signals, showing performance advantages over 

traditional methods in damage identification and localization 
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tasks [10-13]. Especially in multi-sensor scenarios, deep 

models can integrate time-series information from different 

measurement points, mining potential spatial correlations and 

dynamic evolution patterns from the data, providing a new 

technical path for overall state assessment of complex 

structures [14]. 

At the same time, the increasing scale and density of bridge 

sensor networks have further amplified the complexity of 

vibration data, making the learning task not only high-

dimensional but also highly heterogeneous across different 

operational and environmental conditions. This has brought 

new challenges to the stability, interpretability, and 

transferability of data-driven SHM models, especially when 

they are deployed in long-term monitoring scenarios where the 

operating conditions cannot be fully controlled or anticipated. 

Nevertheless, most existing deep learning methods are still 

based on a correlation-driven learning paradigm, i.e., learning 

the statistical correlation between input signals and damage 

labels by minimizing prediction errors [15]. In practical 

engineering environments, bridge vibration signals are not 

only affected by structural damage but are also strongly 

dependent on various non-structural factors such as changes in 

vehicle speed, traffic flow characteristics, environmental noise 

levels, and sensor configuration. These factors often exhibit 

strong correlations with damage labels in specific datasets, 

leading the model to learn "spurious correlation features" that 

are discriminative but unrelated to the actual damage [16]. 

When there is a distribution shift between the test and training 

conditions, these features quickly fail, leading to a significant 

decline in model performance. This issue has become an 

important bottleneck limiting the engineering application of 

deep learning methods [17]. 

From a causal inference perspective, bridge structural 

damage is the fundamental cause of changes in dynamic 

response, while factors such as vehicle speed, environmental 

noise, and sensor configuration can be regarded as external 

disturbances or confounding variables [18]. Although these 

disturbances affect the specific manifestation of the observed 

signal, the mechanism of damage's effect on the structural 

response should remain relatively stable under different 

conditions. Therefore, if the model can focus on these causal 

features that are invariant across conditions, rather than relying 

on statistical correlations in specific environments, it is 

expected to significantly improve generalization ability and 

reliability in complex real-world scenarios [19]. 

Based on this understanding, causal learning and invariant 

representation learning have gradually gained attention in the 

fields of machine learning and mechanical systems in recent 

years. By introducing cross-environment consistency 

constraints during model training, the impact of environmental 

interference factors can be effectively suppressed, allowing 

the model to learn more essential and stable representations 

[20]. However, systematically incorporating causal invariant 

learning into the field of SHM, especially in conjunction with 

multi-sensor spatio-temporal modeling and structural damage 

propagation mechanisms, still requires further research. 

In particular, existing studies rarely address, within a single 

unified framework, the simultaneous requirements of (i) 

modeling the spatio-temporal dynamics of multi-sensor 

vibration signals, (ii) capturing the physical propagation of 

damage effects along the structural topology, and (iii) 

enforcing representation invariance across different operating 

conditions. The absence of such an integrated perspective 

limits both the robustness and the physical interpretability of 

current data-driven SHM approaches. 

Therefore, this paper proposes a CISRL method for SHM. 

Based on deep spatio-temporal feature modeling, this method 

introduces a damage causal propagation graph to explicitly 

characterize the spatial diffusion mechanism of damage effects 

in the structure. At the same time, by incorporating cross-

condition invariance regularization constraints, the model is 

guided to focus on stable features directly related to the 

damage mechanism, thus constructing a bridge damage 

identification model with stronger generalization ability and 

engineering applicability. 

 

 

2. RELATED WORK 

 

In SHM, vibration response-based damage identification 

has formed a relatively mature technical spectrum, evolving 

from traditional signal processing and modal analysis to data-

driven deep learning and graph learning frameworks. 

However, in practical engineering, distribution shifts caused 

by operational conditions (vehicle speed, load levels, 

environmental noise, traffic flow, etc.) still serve as the core 

bottleneck limiting the practical implementation of models. 

This section reviews relevant research progress in vibration 

damage identification, spatio-temporal deep modeling, GNN 

and structural topology modeling, cross-domain/cross-

condition generalization, and causal invariant learning, in line 

with the objectives of this paper, namely “cross-condition 

generalization + causal invariant representation + graph 

propagation mechanism modeling.” 

Although these research directions have been extensively 

studied in isolation, they are rarely integrated within a single 

framework that simultaneously addresses spatio-temporal 

dynamics, structural topology, and cross-condition robustness, 

which motivates the structured review and positioning 

presented in this section. 

 

2.1 Vibration-based bridge damage identification methods 

 

Traditional bridge damage identification methods are 

mainly based on variations in modal parameters (such as 

natural frequencies, mode shapes, and damping ratios) or 

statistical and spectral features extracted from vibration 

signals, which are then used to construct damage indicators 

and combined with threshold-based criteria or shallow 

classifiers for damage detection. These approaches offer 

advantages such as clear physical interpretability and 

relatively low implementation cost; however, they are 

sensitive to non-stationary behavior, measurement noise, and 

complex boundary conditions. In addition, their reliance on 

manually designed features limits their adaptability to real-

world scenarios involving varying operating conditions and 

heterogeneous multi-sensor layouts. 

With the increasing deployment of high-density sensor 

networks and long-term monitoring systems, data-driven 

methods have gradually become more prevalent in SHM 

applications. In this context, SHM problems have been 

reformulated as multivariate time-series classification, 

retrieval, or anomaly detection tasks, and their feasibility has 

been demonstrated using real bridge monitoring data. Publicly 

available datasets with controlled damage scenarios, such as 

those from the Old ADA steel truss bridge, have played an 

important role as benchmark platforms for evaluating cross-

condition performance and generalization capability [21–23]. 
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2.2 Deep learning approaches in bridge SHM 

 

Deep learning has achieved notable progress in SHM tasks 

such as damage detection, localization, and structural state 

identification by automatically learning damage-sensitive 

representations in an end-to-end manner. Representative 

approaches can be broadly categorized as follows: 

(1) One-dimensional convolutional neural networks (1D-

CNNs): These models extract local patterns from vibration 

time series through convolutional kernels, providing stable 

training behavior and efficient inference. However, they are 

limited in capturing long-range temporal dependencies and 

cross-sensor coupling effects. 

(2) Recurrent sequence models (LSTM/GRU): These 

networks are more effective in modeling long-term temporal 

dependencies, but they often suffer from optimization 

difficulties when applied to long sequences and noisy 

measurement environments. 

(3) Time–frequency representations and multi-scale fusion: 

In this paradigm, vibration signals are first transformed into 

the time–frequency domain using methods such as continuous 

wavelet transform (CWT), and then processed by 

convolutional networks. This strategy improves the 

separability of non-stationary signals but introduces additional 

preprocessing steps and sensitivity to transform parameters. 

(4) Spatio-temporal joint modeling: These approaches 

simultaneously capture temporal dynamics and spatial 

correlations across multiple sensors, thereby better reflecting 

the physical process of damage propagation along the 

structural topology. Early studies emphasized extracting 

spatio-temporal patterns from dense sensor networks to 

enhance detection and diagnostic capability, such as the 

spatiotemporal pattern network (STPN), which demonstrated 

effective modeling of spatio-temporal behavior on bridge 

monitoring data [24]. In recent years, various spatio-temporal 

feature fusion network architectures have been proposed to 

further strengthen cross-sensor and cross-scale representation 

learning. 

Despite these advances, most existing approaches remain 

fundamentally correlation-driven and therefore tend to exhibit 

performance degradation when the data distribution shifts due 

to changes in operating conditions, environmental factors, or 

sensor configurations. This limitation highlights the need for 

learning mechanisms that explicitly promote robustness and 

stability across varying conditions. 

 

2.3 Graph-based modeling of structural damage 

propagation 

 

The effect of bridge damage on vibration responses is 

typically not confined to a local region. Changes in stiffness or 

connection states induced by damage can influence the 

responses of neighboring and even distant measurement points 

through component connectivity and force transmission 

mechanisms. Consequently, representing the sensor network 

or structural topology explicitly as a graph and performing 

information propagation and aggregation over this graph has 

become an important approach for capturing spatial 

mechanisms in SHM. 

Graph Convolutional Networks (GCNs) and Graph 

Attention Networks (GATs) enable structural information 

fusion through neighborhood aggregation and attention-based 

weighting, providing general modeling tools for multi-point 

coupling in structural monitoring applications [25, 26]. In 

recent years, a variety of GNN-based frameworks have been 

proposed for structural damage detection and localization, 

with a particular focus on improving localization accuracy and 

robustness by incorporating graph-based structural 

information, and these approaches have gradually been 

extended to real bridges and other complex structures [27–29]. 

However, graph-based modeling alone does not inherently 

address the problem of cross-condition distribution shift. 

When graph representations are learned primarily from 

observational data, they may still encode correlations 

associated with external factors such as vehicle speed, 

environmental noise, or data acquisition conditions. As a 

result, generalization across different operating conditions 

may remain limited, even when structural topology is 

explicitly incorporated into the model. 

 

2.4 Cross-condition and cross-domain generalization 

 

In response to variations in operating conditions, 

environmental changes, and data distribution shifts commonly 

encountered in SHM applications, two main methodological 

directions have been explored: 

(1) Domain adaptation: This paradigm typically assumes 

that data from the target domain, either unlabeled or sparsely 

labeled, are available during training, and it seeks to improve 

transfer performance by aligning source and target data 

distributions through techniques such as adversarial learning, 

statistical distance minimization, or feature normalization. 

However, in practical engineering settings, target operating 

conditions are often unknown in advance or only partially 

observed, which limits the feasibility of domain adaptation in 

long-term monitoring scenarios. 

(2) Domain generalization: This approach aims to learn 

representations that are insensitive to variations across 

multiple training environments, thereby enabling stable 

performance under previously unseen conditions. Domain 

generalization is more consistent with the long-term service 

characteristics of bridge structures, where training data may 

cover several typical operating conditions, but deployment 

inevitably encounters new combinations of vehicle speeds, 

load levels, or noise conditions. As a result, recent SHM 

research has increasingly focused on systematic evaluation 

and method development for cross-condition robustness. 

Datasets such as the Old ADA Bridge benchmark, which 

includes multiple vehicle speeds and controlled damage 

scenarios, have therefore become important platforms for 

assessing generalization performance [21–23, 30]. 

 

2.5 Causal invariant learning and invariant risk 

minimization (IRM) 

 

Deep models based purely on correlation-driven learning 

often exploit spurious features that are statistically associated 

with labels but not causally related to the underlying damage 

mechanisms, such as spectral shifts induced by changes in 

vehicle speed or variations in sensor noise levels. When 

operating conditions change, these spurious correlations tend 

to break down, resulting in a substantial loss of predictive 

performance. From a causal learning perspective, if the 

structural damage mechanism (Damage → Response) remains 

stable across different environments, the model should be 

encouraged to learn decision rules that are invariant across 

those environments. 

IRM formalizes this idea by seeking feature representations 
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for which the same optimal classifier applies across multiple 

training environments, thereby enabling improved out-of-

distribution generalization [31]. Subsequent studies have 

extended and analyzed IRM from both theoretical and 

empirical perspectives. For example, IRM games provide 

alternative formulations and theoretical insights [32], while 

empirical evaluations examine the conditions under which 

IRM succeeds or fails [33]. Other work has further highlighted 

potential limitations and risks associated with invariant 

learning, including scenarios in which the desired invariance 

cannot be reliably recovered [34, 35]. 

Taken together, these studies indicate that invariant learning 

is not a universal solution but rather a principled constraint that 

can guide representation learning toward features with greater 

stability across environments. In the context of bridge SHM, 

treating operating conditions as environmental variables and 

introducing invariance regularization on top of spatio-

temporal and graph-based representation learning provides a 

natural mechanism for improving cross-condition 

generalization without requiring access to target-condition 

data. 

 

2.6 Interpretability and localization evidence in SHM 

 

In engineering applications, models are expected not only 

to achieve accurate classification performance but also to 

provide explanations that are meaningful for structural safety 

assessment and decision-making. In recent years, explainable 

deep learning has attracted increasing attention in SHM, 

including techniques such as attention-based weighting of key 

measurement points, visualization of impact paths through 

graph propagation, and anomaly explanation based on 

reconstruction errors or representation shifts. 

Representative studies have emphasized post-deployment 

adaptive and long-term stable monitoring paradigms, such as 

mechanics-informed autoencoders, which demonstrate the 

feasibility of baseline learning and damage localization 

without prior damage information [36]. When interpretability 

analysis is aligned with physical mechanisms, for example, 

damage propagation paths along the structure, it can 

substantially enhance the engineering credibility and practical 

usefulness of data-driven methods. However, under cross-

condition scenarios, explanation patterns may still drift as a 

result of spurious correlations induced by changing operating 

conditions. 

Therefore, jointly considering the stability of 

interpretability and cross-condition robustness has become an 

important direction for improving the reliability and usability 

of SHM systems in practical engineering environments. 

 

 

3. METHOD 

 

To address performance degradation in bridge damage 

identification caused by variations in operating conditions, a 

CISRL framework is developed. The framework takes multi-

sensor vibration time series as input, incorporates bridge 

structural topology and damage propagation mechanisms, 

explicitly models the spatial diffusion of damage effects 

within the structure, and introduces cross-condition invariance 

constraints to encourage the learning of stable feature 

representations that are insensitive to operating condition 

changes while remaining discriminative for structural damage. 

The overall framework consists of three interconnected 

modules: (1) a spatio-temporal feature extraction module for 

learning temporal and cross-sensor representations from 

multi-channel vibration signals; (2) a damage propagation 

graph modeling module for capturing the spatial diffusion and 

structural coupling of damage effects; and (3) a causal 

invariance constraint and classification module for 

suppressing condition-dependent spurious correlations and 

improving cross-condition generalization. An overview of the 

framework is shown in Figure 1. 

 

 
 

Figure 1. Method workflow 

 

3.1 Problem definition and causal perspective 

 

Consider the scenario where vibration responses are 

collected from a bridge structure under different operational 

conditions. Let the bridge have N accelerometers installed at 

key locations, and multi-channel vibration signals are 

collected under operational conditions 𝑒 ∈ ℰ (such as different 

vehicle speeds, load levels, and environmental noise 

conditions): 

 

𝐗𝑒 = [𝑥1
𝑒 , 𝑥2

𝑒 , … , 𝑥𝑁
𝑒 ] ∈ ℝ𝑁×𝑇  
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where T represents the time sampling length, and 𝑥𝑖
𝑒 ∈ ℝ𝑇 is 

the vibration time series of the i-th sensor under condition e. 

The true structural state of the bridge is represented by the 

random variable Y (such as healthy/damaged state or specific 

damage location), and the condition variable E represents 

external operational conditions. From a causal modeling 

perspective, structural damage is the root cause of changes in 

vibration response, while condition factors, as external 

disturbances, affect the amplitude, spectrum, and statistical 

distribution of the observed signals, but do not change the 

"damage-response" physical causal mechanism. This causal 

relationship can be briefly represented as: 

 

𝑌 → 𝑋, 𝐸 → 𝑋 

 

Thus, the core objective of this paper is to learn a prediction 

function 𝑓(⋅) under multiple operational conditions, such that 

its decision relies primarily on the causal influence of 

structural damage Y, while minimizing reliance on the 

condition variable E, thereby achieving stable and 

generalizable damage identification and localization. 

 

3.2 Spatio-temporal feature extraction module 

 

Bridge vibration signals usually exhibit significant non-

stationarity, multi-scale features, and complex temporal 

dependencies. Relying solely on manually designed time-

domain or frequency-domain features cannot fully represent 

damage information. Therefore, this paper adopts a deep time 

encoding network to perform end-to-end feature learning for 

each sensor's vibration signal. 

For the i-th sensor, its temporal feature representation is: 

 

ℎ𝑖
𝑒 = 𝐹𝑡(𝑥𝑖

𝑒), ℎ𝑖
𝑒 ∈ ℝ𝑑 

 

where 𝐹𝑡(⋅) represents the time encoder, consisting of multiple 

layers of 1D convolution networks and attention mechanisms, 

used to simultaneously capture local vibration patterns and 

long-term dependencies. The convolution structure effectively 

extracts dynamic features at different time scales, while the 

attention mechanism further enhances the model's ability to 

focus on key moments and anomalous responses. 

By independently encoding all sensor signals, the initial 

node feature matrix is obtained: 

 

𝐻0
𝑒 = [ℎ1

𝑒 , ℎ2
𝑒 , … , ℎ𝑁

𝑒 ] ∈ ℝ𝑁×𝑑 

 

This representation retains the local dynamic response 

information of each measurement point, providing the 

foundation for subsequent spatial modeling. 

 

3.3 Damage causal propagation graph modeling 

 

3.3.1 Graph construction based on structural topology 

In real bridge structures, the impact of damage often 

propagates step by step along the component connection paths, 

and the dynamic response between different measurement 

points shows significant spatial correlation. To model this 

physical process, this paper introduces a damage causal 

propagation graph (G = (V, E)), where, the node set 𝑉 =
{𝑣1, 𝑣2, … , 𝑣𝑁} corresponds to sensor locations; the edge set E 

represents the component connection relationships and 

potential damage propagation paths in the bridge structure. 

The adjacency matrix A ∈ ℝ𝑁×𝑁 can be constructed based on 

the bridge structural topology, component connection 

information, or spatial distance between measurement points, 

thereby explicitly injecting engineering prior knowledge into 

the model. 

 

3.3.2 Damage propagation learning based on GNN 

On the damage propagation graph, a GNN is used to 

iteratively update node features to simulate the spatial 

diffusion of damage within the structure. The update rule for 

the l-th layer of graph convolution is defined as: 

 

𝐻(𝑙+1) = 𝜎 (𝐷̃−
1
2𝐴̃𝐷̃−

1
2𝐻(𝑙)𝑊(𝑙)) 

 

where 𝐴̃ = 𝐴 + 𝐼, 𝐷̃ is the corresponding degree matrix, 𝑊(𝑙) 

is the learnable parameter, and 𝜎(⋅) is the nonlinear activation 

function. 

Through multiple layers of graph propagation, the model 

can progressively aggregate information from neighboring 

measurement points, allowing the node features to encode both 

local dynamic response characteristics and structural-level 

damage propagation patterns, thus improving the spatial 

consistency and physical interpretability of damage 

localization. 

 

3.4 Causal invariant representation learning 

 

3.4.1 Engineering and causal motivation for cross-condition 

invariance assumption 

In the practical application of SHM, vibration responses are 

not only influenced by the structural state but are also 

significantly disturbed by operational conditions such as 

vehicle speed, load, traffic density, and environmental noise. 

Vibration signals collected under different conditions often 

exhibit significant differences in amplitude distribution, 

spectral energy, and statistical characteristics, which makes 

models based on correlation learning prone to misclassifying 

condition-related features as damage features, leading to 

significant performance degradation under unseen conditions. 

However, from the perspective of structural dynamics and 

engineering mechanisms, structural damage is the root cause 

of changes in dynamic response patterns. Although variations 

in operational conditions may affect the observed form of 

signals, they do not alter the intrinsic physical mechanism of 

"damage → response." Therefore, it is reasonable to assume 

that: 

The discriminative response patterns caused by structural 

damage should maintain causal consistency under different 

operational conditions. 

Based on this understanding, this paper introduces the 

cross-condition invariance assumption, treating different 

operational conditions as different "environments" and 

requiring the model to learn a consistent decision-making 

mechanism across multiple environments. This idea is highly 

consistent with the invariance principle in causal inference, 

which states that maintaining stable causal relationships across 

different environments is key to achieving reliable 

generalization. 

 

3.4.2 Modeling causal invariant representations 

In the CISRL framework proposed in this paper, the feature 

extraction and damage propagation modeling modules jointly 

form the feature mapping function 𝛷(⋅) , which is used to 

extract high-level representations from multi-channel 
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vibration signals. Then, the classifier 𝑔(⋅) is used to predict 

the structural state: 

 

𝑦̂𝑒 = 𝑔(𝛷(𝑋𝑒)) 
 

If the model is trained solely by minimizing classification 

error, the classifier may rely on different discriminative cues 

under different conditions, thus forming multiple "condition-

specific" decision rules. To avoid this issue, this paper further 

introduces a causal invariance constraint that explicitly 

ensures the decision behavior of the model remains consistent 

across different conditions. 

The core idea of this constraint is that, across all operational 

conditions, the optimal classifier should have the same 

discriminative direction and decision boundary, forcing the 

model to discard reliance on condition-specific statistical 

features and retain only causal features directly related to 

structural damage. 

 

3.4.3 Invariant risk regularization 

To achieve the above goal, this paper adopts the concept of 

IRM and introduces a cross-condition consistency 

regularization term. Specifically, the regularization term 

constrains the gradient of the classification loss with respect to 

the classifier parameters to remain consistent across different 

conditions: 

 

ℒinv = ∑ ∥

𝑒∈ℰ

∇𝑔ℒ
𝑒 ∥2 

 

where ℒ𝑒 represents the classification loss under condition e. 

This regularization term constrains the update direction of 

the classifier from an optimization perspective, guiding the 

model to converge toward a shared optimal solution across 

different conditions. Intuitively, this mechanism encourages 

the model to use only those features that have stable 

discriminative power across all conditions, effectively 

suppressing spurious correlation patterns introduced by factors 

such as vehicle speed changes and noise level variations. 

 

3.5 Overall optimization objective and training strategy 

 

Considering both structural state discrimination 

performance and cross-condition generalization ability, this 

paper incorporates both classification loss and causal 

invariance constraint into a unified optimization objective 

function: 

ℒtotal =∑ℒcls
𝑒

𝑒∈ℰ

+ 𝜆ℒinv 

 

where ℒcls
𝑒  is the standard classification loss under condition e, 

and 𝜆  is the weight coefficient used to balance the 

discriminative performance and the strength of the invariance 

constraint. 

In the actual training process, the model first learns the basic 

damage discrimination ability by minimizing the classification 

loss. Then, the invariance constraint gradually guides the 

model to adjust its feature representations to maintain 

consistent discriminative structures across different 

conditions. This joint optimization strategy can avoid 

sacrificing discriminative performance in pursuit of invariance 

while ensuring that the model still maintains stable predictive 

ability under unseen conditions. 

4. RESULTS AND ANALYSIS 

 

4.1 Damage detection results on the old ADA bridge 

dataset 

 

Table 1 summarizes the quantitative performance of 

different methods on the Old ADA Bridge dataset for bridge 

damage detection, and Figure 2 visually presents the accuracy 

comparison among these methods.As seen, the ResNet34-1D 

method based on a one-dimensional convolutional network, 

which uses only time-domain information for feature learning, 

has relatively limited detection performance, with accuracy 

and F1-score values of 0.734 and 0.733, respectively. The 

CNN-LSTM model improves performance by introducing 

temporal dependency modeling but still struggles to 

adequately capture response changes caused by structural 

damage under complex conditions. 

 

Table 1. Performance comparison of different methods on 

the old ADA bridge damage detection task 

 

Method Accuracy Precision Recall 
F1-

score 

ResNet34-1D 0.734 0.768 0.734 0.733 

CNN-LSTM 0.842 0.866 0.842 0.845 

GoogLeNet 

(CWT) 
0.826 0.834 0.826 0.824 

CNN-LSTM-

GoogLeNet 
0.884 0.892 0.884 0.885 

STTFNet 0.950 0.953 0.950 0.951 

Proposed CISRL 

(ours) 
0.964 0.967 0.964 0.965 

 

 
 

Figure 2. Damage detection results on the old ADA bridge 

dataset 

 

The GoogLeNet (CWT) method, combined with time-

frequency transformations, and the multi-network fusion 

model CNN-LSTM-GoogLeNet further enhance the detection 

accuracy, demonstrating the positive effect of multi-scale 

features on damage recognition. STTFNet, by explicitly 

modeling the spatiotemporal characteristics of the vibration 

signals, achieves a significant performance improvement on 

this dataset, with accuracy and F1-score values of 0.950 and 

0.951, respectively. 

On this basis, the CISRL method proposed in this paper 

achieves the best results in all evaluation metrics, with an 

accuracy of 0.964 and an F1-score of 0.965. Compared to 

STTFNet, the overall performance is improved by about 1.4%. 

It should be noted that this performance improvement is not 

due to a more complex network structure or deeper model 

layers, but rather the effectiveness of the causal invariance 
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learning mechanism in suppressing condition-related spurious 

features during the feature learning phase, allowing the model 

to focus more on the stable response patterns driven by 

structural damage. 

 

4.2 Cross-condition generalization performance analysis 

 

To further validate the model's generalization ability when 

the operational conditions change, cross-condition damage 

detection experiments were conducted. Specifically, the model 

was trained on data from vehicle speeds of 30 km/h and 40 

km/h and tested on data from a completely unseen condition 

of 50 km/h. Table 2 presents a performance comparison of 

different methods under this cross-condition setting. 

 

Table 2. Cross-condition damage detection performance 

comparison 

 
Method Accuracy F1-score Performance Drop 

CNN-LSTM 0.711 0.706 −13.6% 

STTFNet 0.892 0.889 −6.1% 

CISRL (ours) 0.936 0.934 −3.0% 

 

It can be observed that when there is a significant 

distribution shift between the training and testing conditions, 

traditional deep models experience a substantial performance 

drop. For example, the accuracy and F1-score of the CNN-

LSTM model decrease to 0.711 and 0.706, respectively, with 

a performance degradation of 13.6%. STTFNet mitigates this 

issue to some extent, but its performance still drops by about 

6.1%, indicating that relying solely on spatiotemporal feature 

modeling cannot completely eliminate the interference caused 

by changes in conditions. 

In contrast, the proposed CISRL method shows the least 

performance degradation in cross-condition testing, with 

accuracy and F1-score remaining at 0.936 and 0.934, 

respectively, and a performance drop of only 3.0%. Compared 

to STTFNet, the performance degradation is reduced by about 

50%. This result fully verifies the effectiveness of explicitly 

incorporating the causal invariance constraint in improving 

cross-condition generalization ability, showing that the model 

can learn stable discriminative features that are insensitive to 

condition changes but highly related to structural damage. 

As shown in Figure 3, this paper further analyzes the cross-

condition generalization ability of different methods from the 

perspective of performance and the internal attention behavior 

of the model. Figure 3(a) presents the F1-score variation trend 

of different methods under unseen vehicle speed conditions. It 

can be observed that as the vehicle speed gradually deviates 

from the training conditions, the performance of both CNN-

LSTM and STTFNet decreases to varying degrees, while the 

CISRL method maintains a more stable degradation curve. 

 

 
 

Figure 3. (a) Cross-condition performance degradation curve, (b) Attention-position curve 

 

To further explain this phenomenon, Figure 3(b) shows the 

average attention weight distribution of different methods 

across structural positions. It can be observed that CISRL 

allocates significantly higher attention weights to the main 

damage locations (A4, A7, and A8) while significantly 

suppressing the response of the intact state (INT). In contrast, 

STTFNet's attention distribution is more dispersed. This result 

indicates that the causal invariance constraint helps the model 

continuously focus on key locations directly related to 

structural damage under cross-condition scenarios, effectively 

supporting its superior cross-condition generalization 

performance. 

 

4.3 Damage localization results analysis 

 

In addition to the overall damage detection performance, 

this paper further evaluates the performance of the proposed 

CISRL method in damage localization tasks. Table 3 

summarizes the model's overall performance metrics for 

damage localization, with accuracy, precision, recall, and F1-

score reaching 0.931, 0.942, 0.938, and 0.940, respectively. 

Compared with existing representative methods based on 

correlation modeling (such as STTFNet, which achieves 

performance in the range of 0.916-0.930 for similar tasks), 

CISRL demonstrates stable improvements across all metrics, 

indicating that it improves localization accuracy while 

maintaining good generalization stability. 

At the position level, CISRL achieves 100% localization 

accuracy at damage positions with more significant dynamic 

response features (such as A4 and A8), showing its high 

sensitivity to key structural damage features. For positions 

with relatively complex response patterns influenced by 
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multiple operating conditions (such as A3 and A7), the model 

still achieves localization accuracies of 92% and 95%, 

respectively, maintaining a high level of overall localization 

performance. 

 

Table 3. Overall performance in damage localization task 

 

Metric Value 

Accuracy 0.931 

Precision 0.942 

Recall 0.938 

F1-score 0.940 

 

 
 

Figure 4. (a) STTFNet (Correlation-based), (b) Proposed 

CISRL (Causal-invariant) 

 

In contrast, recognizing the intact structural state (INT) is 

relatively challenging, with an accuracy of approximately 

85%. This phenomenon mainly arises from the high similarity 

in dynamic response characteristics between the intact state 

and minor damage, causing some overlap in the feature space. 

Even with the introduction of causal invariance constraints, 

fully distinguishing between these states remains challenging. 

This result aligns with the physical understanding in actual 

engineering SHM. Combining the visualization results in 

Figure 4, it can be further observed that, compared to 

correlation-driven methods, CISRL shows a more 

concentrated and physically consistent attention distribution 

across spatial dimensions, effectively suppressing redundant 

responses from the intact structural region. This result 

provides an intuitive explanation for CISRL's performance 

advantage in the damage localization task from the perspective 

of spatial propagation. 

 

4.4 Ablation experiment analysis 

 

To analyze the contribution of each module to the overall 

performance, systematic ablation experiments were 

conducted, and the results are shown in Table 4. When only 

temporal feature modeling and graph structure modeling are 

used without introducing causal invariance constraints, the 

model achieves an accuracy of 0.949 and F1-score of 0.949, 

indicating the significant role of spatiotemporal modeling in 

damage detection. However, when causal invariance 

constraints are introduced but graph structure modeling is 

removed, the model performance drops significantly, 

indicating that spatial structural information is crucial for 

damage propagation modeling and localization tasks. 

Further analysis shows that causal invariance constraints 

play a key role in improving cross-condition performance, 

while graph structure modeling significantly enhances the 

model's ability to characterize the spatial distribution of 

damage. When all three modules are enabled, the model 

achieves the best balance between discriminative performance 

and generalization ability, validating the complementarity of 

the modules in the CISRL framework. 

Table 4. Ablation experiment results for modules 

 
Temporal Graph Invariance Accuracy F1-score 

✓ ✓ ✗ 0.949 0.949 

✓ ✗ ✓ 0.917 0.919 

✗ ✓ ✓ 0.904 0.907 

✓ ✓ ✓ 0.964 0.965 

 

4.5 Robustness analysis 

 

Table 5 presents the F1-score comparison between CISRL 

and STTFNet under different signal-to-noise ratio (SNR) 

conditions. As the SNR decreases, the performance of all 

methods declines to varying degrees. However, compared to 

STTFNet, CISRL maintains higher detection performance 

under low SNR conditions. For example, at an SNR of 5 dB, 

CISRL's F1-score is 0.918, while STTFNet's is only 0.884. 

This result indicates that the causal invariant features 

learned by CISRL are more robust to noise disturbances, 

further verifying its applicability in complex engineering 

environments. 

 

Table 5. F1-score at different noise levels 

 
SNR (dB) STTFNet CISRL 

20 0.948 0.960 

10 0.921 0.945 

5 0.884 0.918 
 

 

5. DISCUSSION AND CONCLUSION 
 

To address the degradation of generalization performance 

caused by variations in operating conditions in bridge damage 

identification, a CISRL framework has been developed. 

Experimental results under cross-condition testing scenarios 

indicate that the proposed approach exhibits smaller 

performance degradation than conventional correlation-driven 

deep models, supporting the effectiveness of causal invariance 

constraints in suppressing condition-related spurious features. 

In addition, explicitly incorporating bridge structural 

topology into damage propagation graph modeling enables a 

more accurate characterization of the spatial diffusion patterns 

of damage effects, which contributes to improved damage 

localization performance. Ablation studies and noise 

robustness analyses further show that spatio-temporal feature 

modeling, graph-based structural propagation, and causal 

invariance constraints play complementary roles within the 

overall framework. Among these components, causal invariant 

learning is particularly important for enhancing cross-

condition generalization, whereas graph modeling 

mechanisms primarily contribute to spatial discriminative 

capability. 

Overall, the CISRL framework improves the stability and 

practical applicability of data-driven damage identification 

models under complex and varying operating conditions, 

while maintaining consistency with the underlying physical 

mechanisms of structural response. These characteristics 

suggest that causal-invariant learning provides a viable basis 

for robust and interpretable bridge SHM in real engineering 

environments. 
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